













Université de Strasbourg 
Pôle Européen de Gestion et d’Economie  
61 avenue de la Forêt Noire 





de Recherche  














   
















 What drives the herding behavior of
individual investors?￿
Maxime Merliy Tristan Rogerz
June 2012
Abstract
We introduce a new measure of herding that allows for tracking dynamics of individual
herding. Using a database of over 8 million trades by 87,373 retail investors between
1999 and 2006, we show in an original way that individual herding is persistent over time
and that past performance and the level of sophistication in￿ uence this behavior. We
are also able to answer a question that was previously unaddressed in the literature: is
herding pro￿table for investors? We demonstrate, as a primary result, that the investors
trading against the crowd tend to exhibit more extreme returns and poorer risk-adjusted
performance than the herders.
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11 Introduction
Herding behavior, de￿ned in a broad way as an investor￿ s imitation of the actions of others,
has been widely documented for institutional investors but less studied for individual
investors. In this paper, we characterize the herding behavior of individual investors using
the trading records of 87,373 investors at a major European brokerage house over the
1999-2006 period. We address three research questions. 1) Do poor past portfolio returns
lead investors to subsequently follow the crowd? 2) Do sophisticated investors herd more
than others? 3) Does herding hurt or boost individual performance?
To answer these questions, we introduce an original investor-speci￿c herding measure
that estimates the herding intensity of a given investor at any moment in time. This new
measure leads us to evaluate the in￿ uence of individual attributes (especially sophistica-
tion) on herding behavior. Furthermore, we elucidate the strong links between the herding
level, the past portfolio returns and the future portfolio performance.
Imitating other agents could be rational or irrational. The latter type of herding is
extremely di¢ cult to capture empirically because it is driven by fashion and fads. In our
empirical study, we essentially focus on the former type, namely rational herding. Devenow
and Welch (1996), in a literature survey emphasize three reasons for rational herding. The
￿rst reason is payo⁄ externalities (the outcome of an action is increasing in the number
of agents undertaking it). These payo⁄ externalities generate trading patterns that are
caused by liquidity issues. It has been documented that investors tend to trade at the
same time to bene￿t from a deeper liquidity (Admati and Pfeiderer, 1988; Dow, 2005).
Reputational e⁄ects are the second reason for rational herding. These e⁄ects are partic-
ularly important in the principal-agent models. It can be said that a manager hides in the
herd. The idea behind this metaphor is that the performance of an institutional trader is
very often considered relative to a benchmark (the average performance of other managers
or the performance of a market/industry index). By closely following the benchmark, the
manager sacri￿ces the potential to perform better than average but hedges himself against
a poor relative performance. Models of herding caused by reputational concerns can be
found in Scharfstein and Stein (1990), Rajan (1994) or Graham (1994).
Finally, the third explanation for rational herding is informational externalities. In
Bikhchandani et al. (1992) and Welch (1992), investors acquire (noisy) information by
observing the actions of other agents. Information externalities can be so strong that an
investor can decide to completely ignore his own signal. In an extreme case of information
2externalities, individuals do not carry information anymore because their actions result
only from the imitation of others. In that case, an informational cascade occurs.
Early studies such as Lakonishok et al. (1992) investigate a method to empirically
measure correlated trading across groups of investors. The idea underlying the measure
proposed by the authors (the LSV measure, hereafter) is to quantify the buying pressure
on a given asset for a homogeneous subgroup (pension funds, mutual funds, individual
investors). For the market as a whole, each purchase is balanced by a sale. However,
for a given subgroup of investors and a given asset, there can be an excess of purchases
or sales, indicating that the investors in the subgroup herd. After the seminal work of
Lakonishok et al. (1992), herding among investors has been the subject of a number
of empirical studies, which are divided in two categories. The ￿rst category primarily
addresses institutional investors and the second category addresses individual investors.
The present paper belongs to this second stream of the literature.
The mimetic behavior of U.S. mutual funds and institutional investors has been scru-
tinized (Lakonishok et al., 1992; Grinblatt et al., 1995; Wermers, 1999). Similar studies
have been performed outside of the U.S., in particular in Germany (Oehler, 1998; Frey et
al., 2007; Kremer et Nautz, 2011), the United Kingdom (Wylie, 2005), Portugal (Loboa
and Serra, 2002) and Poland (Voronkova and Bohl, 2005).
In the second category of studies, targeting individual investors, the number of studies is
lower. These studies have been performed in the U.S. (Barber et al., 2009), Germany (Dorn
et al., 2008), Israel (Venezia et al., 2010) and China (Feng and Seasholes, 2004). Brie￿ y
speaking, all of these studies demonstrate that the trades of individuals are signi￿cantly
correlated. The herding behavior is clearly stronger for individuals than for fund managers
and exhibits a strong persistence over time (Barber et al., 2009). This behavior is positively
and signi￿cantly correlated with the volatility of the market returns (Venezia et al., 2010).
Addressing the drivers of these ￿ndings, Barber et al. (2009) show that psychological
biases contribute to herding behavior. These biases, for instance, lead investors to buy
stocks with strong recent performance or with an abnormally high trading volume. In an
original way, Feng and Seasholes (2004) demonstrate a positive relationship between the
herding behavior of Chinese investors and their trading location.
Even if the LSV measure has been widely used to study the herding behavior of in-
vestors (and, particularly, the in￿ uence of stock characteristics), this measure su⁄ers from
some drawbacks. In particular, it does not permit for an evaluation of the herding level
of a given investor, and thus, fails to evaluate herding persistence over time at the in-
3vestor level. Furthermore, the drivers of the individual herding behavior cannot be deeply
studied.
Our ￿rst contribution is a new measure of individual herding behavior. Our measure
(the Individual Herding Measure, denoted IHM in the following) overcomes this drawback
and is in the spirit of the measure proposed by Grinblatt et al. (1995). We evaluate the
individual herding in a given quarter by the weighted sum of the signed LSV measures of
the assets for which changes in holdings for the quarter under consideration occur. Over
the entire eight-year period under study, our results demonstrate a strong persistence of the
herding behavior over time at the investor level. The average ￿rst-order autocorrelation
of our IHM is equal to 12.43%. Our preliminary analysis of the herding behavior at the
asset level, using the LSV and Frey et al.￿ s (2007) measures, already notes the persistence
of herding and provides results that are consistent with Barber et al. (2009). One of
the main advantages of our individual measure lies in the potential for investigating the
individual heterogeneity of the herding behavior. The study of the individual heterogeneity
of this behavior is the second contribution of our paper. We demonstrate that a poor past
performance increases the propensity to herd in the next quarter. By using direct and
indirect measures of sophistication (derivatives trading or portfolio value, for example),
we show that sophisticated investors are less prone to herd after a poor past performance.
However, the main contribution of the paper is to show that, contrary to the other
individual investors, those trading against the crowd earn an abnormal return by doing
so. Unfortunately, this premium is not su¢ cient to compensate for the higher risk that
they bear. Consequently, they perform poorly, compared to the average investor.
This paper is structured as follows. Section 2 is dedicated to the data. Section 3 is
dedicated to the estimation of herding at the stock level. In section 4, we describe the
individual herding measure and examine the factors that a⁄ect individual herding. The
last section concludes the paper.
2 Data and descriptive statistics
The primary data set used in this study is a record of the daily transactions of 87,373
French investors at a major European brokerage house. From this record, we computed
the daily stock portfolio of each investor for the January 1999-December 2006 period. We
are therefore able to calculate the daily realized returns. To calculate these returns, we
extracted the closing prices (adjusted for splits and dividends) of the traded securities
4from Bloomberg (1,180 stocks) and Euro￿dai1 (1,311 stocks). A little over one thousand
securities were ignored because of missing data. However, these securities accounted only
for 1.51% of the total number of transactions. Of the 2,491 stocks under consideration,
there are 1,190 French stocks. The remaining are from the U.S. (1,020), Great Britain
(62), Canada (35), the Netherlands (34), Germany (31), Italy (15) and others (104). It
should be noted that the trading volume across the di⁄erent countries is not homogeneous:
French stocks represent over 90% of the trading volume while U.S. stocks account for under
1%.
To compute the LSV herding measure, we consider the portfolios at the beginning of
each quarter (January, April, July and October) for the years 1999 to 2006. For a given
quarter, we exclude the investors that have no investment in stocks. On average, there
are 51,266 investors with at least one position. The average number of stocks held by
investors is 5.9, the median is 4 and the maximum is 503. The average Her￿ndahl index of
diversi￿cation is 0.4836. The average portfolio value is 23,896 e, and the median is 6,454
e. It appears that the sample of investors contains a few very wealthy individuals. Figure
1 below shows the evolution, from January 1999 to December 2006, of the number of
investors, the average number of assets, and the average portfolio value. To gain a deeper
look into the structure of the data, we present in Table 1 the distribution of portfolio
values conditioned on the number of assets held, at three points in time.
1European Financial Data Institute
5Figure 1: Summary Statistics





4 Number of investors




Average Portfolio size (Number of assets)




4 Average Portfolio Value (in euros)
3 Herding behavior at the asset level
3.1 The LSV measure and extensions
One of the ￿rst herding measures was introduced by Lakonishok et al. (1992). This
measure aims to evaluate the herding behavior among pension funds. The underlying idea
is that herding can be measured as the tendency for traders to accumulate on the same
side of the market for a given stock and during a given period. To determine on which side
(buy or sell) of the market the investor is, we observe the di⁄erence between the number of
shares held at time t and at time t￿12. We note ni;j;t, the number of shares of asset j held
by investor i at time t. If the di⁄erence ni;j;t ￿ ni;j;t￿1 is positive (respectively, negative),
investor i increased (decreased) her holdings and thus is on the buy (sell) side. For a given
asset j, the purchase intensity pj;t is de￿ned as the number of investors that increased
their holdings divided by the number of investors that traded the asset. We write
2We stress the fact that the variations in holdings between t ￿ 1 and t correspond to the variations
in the number of shares and not in weight because price variations would incur arti￿cial increases or
decreases. It is also important to point out that corporate actions such as splits, new issues, etc., must














where Ij;t is the number of active traders over the period [t ￿ 1;t] and bi;j;t (si;j;t) is a
binary variable that takes the value 1 if the investor i increased (decreased) her holdings
of asset j between t ￿ 1 and t and takes the value 0 otherwise.
It follows that it is possible to compute the purchase intensity, and thus the LSV
measure, only for a subgroup of investors,because for the whole universe of investors, the
number of purchases equals the number of sales. Formally, the LSV herding measure of
asset j at time t is written as
LSVj;t = jpj;t ￿ ptj ￿ AFj;t, (2)
where pt is the purchase intensity across all stocks and AFj;t is an adjustment factor3 due
to the absolute value in the de￿nition of LSVj;t and the fact that the number of traders
Ij;t varies across stocks and over time.
The quantity pt is subtracted to account for liquidity shocks. To illustrate this point,
let us assume that for the majority of assets, the individual investors aggregate on the buy
side. This aggregation does not necessarily mean that they herd: it can be the result of a
new ￿scal disposition that favors investments in the stock market rather than traditional
saving accounts. The aggregation results in high buying pressure among the individual
investors as they withdraw their money from the saving accounts and invest it in the stock
3In order to obtain an unbiased measure in the case of no herding, the adjustment coe¢ cient needs to

































































7market. By subtracting pt, we take into consideration the aggregate shifts in and out of
the stock market and separate them from the herding behavior.
As mentioned before, the LSV measure su⁄ers from a few drawbacks and has therefore
been exposed to a certain number of criticisms. The LSV measure does not allow us to
observe the intertemporal herding behavior of investors. We are able to follow how in-
vestors herd over time on a given asset, but we cannot observe the persistence in herding
of a given investor. The second part of this paper will address this issue by introducing an
investor-speci￿c herding measure. Among the other criticisms addressed to the measure,
Bikhchandani and Sharma (2001) ￿rst note that the LSV measure captures both inten-
tional and unintentional (or spurious) herding. According to their de￿nition, an investor is
said to herd intentionally if, by observing the other investors￿actions, he prevents himself
from making an investment he would have made otherwise (or conversely, he undertakes
an investment that he would not have undertaken otherwise). In other words, intentional
herding corresponds to a deliberate imitation of others￿actions. Alternatively, spurious
herding occurs when investors with similar preference sets are provided with the same
information. Separating these two types of herding is important because the latter is an
e¢ cient outcome whereas the former can destabilize markets and increase volatility. A
second issue discussed by Bikhchandani and Sharma (2001) is that the LSV measure con-
siders only the number of traders and ignores the amount that is bought or sold. Oehler
(1998) and Wermers (1999) propose derived measures that aim to remedy this problem.
This issue has important consequences when studying the impact of herding on the mar-
ket. However, because we adopt a more behavioral approach and focus on the drivers of
the herding behavior, this issue does not have important consequences for our results.
Finally, Frey et al. (2007) show that under the alternative hypothesis of herding, the
measure is biased downward. Therefore, because the adjustment factor does not depend
on the herding level, the LSV measure is biased downward and this bias increases with the
herding level. These authors also prove that the bias declines with the number of active
traders Ij;t. We will see in the empirical results that the level of herding rises when we
impose a minimum number of active traders. This observation has crucial consequences for
the interpretation of the empirical results. For example, Dorn et al. (2008) establish a link
between di⁄erences in opinion (proxied by trading activity) and herding behavior because
they observe a very important positive correlation between trading activity and herding.
It appears that the properties of the adjustment factor might explain part of the observed
correlation. Indeed, the higher the trading activity, the lower the bias and the higher
the herding measure. Even if trading activity and herding behavior were independent, a
positive correlation would appear.
8To remedy this problem, Frey et al. (2007) propose using square values instead of













where the notations are the same as in the previous equations.










Monte-Carlo simulations show that this new measure does not su⁄er from the bias that
exists for the LSV measure. Frey et al. (2007) show that for varying values for the number
of active traders and/or for the level of herding, their measure is unbiased and possesses
good statistical properties.
However, Bellando (2010) shows that the measure is unbiased only in the particular
setting considered by Frey et al. (2007). As soon as the probability of no herding is not
null or when some asymmetry is introduced, the measure is biased upward. However, it is
possible to show that the true value of herding lies between the LSV and the FHW values.
3.2 General results
Table 2 provides the values of the semiannually, quarterly and monthly LSV and FHW
measures for all stocks (line 1) for the entire period. These measures are also calculated
with respect to, for each stock, a level of capitalization (Large, Medium, Small), a level of
volume of trading (High, Medium, Low) and, ￿nally, an industry classi￿cation (based on
the ICB industry classi￿cation). Table 3 shows the results for the two measures for each
quarter between 1999 and 2006.
At a general level, the monthly average value of the LSV measure for all stocks is
0.126. Brie￿ y speaking, this level means that for a given stock during a given month,
approximately 13% more investors are on the same side than would be predicted if decisions
9were randomly taken. This result supports the previous ￿ndings that individual investors
herd more than institutional investors. For instance, in the U.S. market, Lakonishok et
al. (1992) provide an average value for institutional investors of 0.02 and Wermers (1999)
reports a value of 0.036. More recently, Venezia et al. (2011) calculate an average herding
measure of 0.058 for the Israeli market.
Our ￿ndings indicate that French individual investors exhibit a high degree of herding.
Our results are consistent with the ￿ndings for U.S. individual investors (Barber et al.,
2009) but are slightly higher than those of Dorn et al. (2008) for Germany. More precisely,
the monthly average value of the LSV measure for all stocks is 0.1279 in the US against
0.064 in Germany. As in Dorn et al. (2008), the results highlight correlated trading across
all horizons and all industries and the correlation is higher for the longer observation
intervals. Concerning the impact of the capitalization, our results, using the LSV measure,
con￿rm the ￿ndings of Dorn et al. (2008) and contrast with those of Barber et al. (2009)
and of previous studies of institutional investors that demonstrate that investors herd more
on small ￿rm stocks (Wermers, 1999, for example). In fact, we ￿nd that correlated trading
is higher for larger capitalizations. Note that this result is not obtained for all quarters
(23/31 quarters, see Table 3, Column ￿Market capitalization￿ ). However, this result is
not robust when using the FHW measure. Indeed, with this last measure, we ￿nd that for
18/31 quarters, herding is more pronounced for smaller capitalizations.
Finally, the LSV measure takes a higher value for the stocks ranked in the ￿high volume
of trading￿category. Even if further investigations are needed, this result could be due
to a concentration of purchases in attention-grabbing stocks (Barber and Odean, 2008;
Barber et al., 2009) or to informational signals. Note that this result is e⁄ective for 21/31
quarters (see Table 3, Columns ￿Volume of trading￿ ). Once again, this result is not robust
when we use the FHW measure instead (only 8/31 quarters where the herding is higher for
the ￿high volume of trading￿category). Considering these ￿ndings, it is natural to wonder
how the downward bias of the LSV measure (see the previous section) could impact our
results. Comparing the level of the two measures (Tables 2 and 3), it is apparent that the
value of the FHW is sharply higher whatever the category (or the quarters) under study.
At a general level, the monthly average value of the FHW measure for all stocks is 21.70%.
The herding behavior is also 1.72 times stronger when this last measure is implemented.
Note that this di⁄erence is stable when the observation intervals are modi￿ed (6 months
or 3 months). Finally, for monthly observation intervals, we can conclude that the true
value of herding for French individual investors is high and takes a value between 12.63%
and 21.70%.
To go one step further, in the next section we conduct some tests in the spirit of Barber
10et al. (2009) to analyze the persistence of herding behavior over time.
3.3 Persistence in herding
In this section, we adopt another approach (following the methodology used by Barber et
al., 2009) to test whether investors￿trading decisions are correlated. We also analyze the
persistence, at the asset level, of the herding behavior. The herding behavior is said to be
persistent if the autocorrelation of the purchase intensity pj;t is high: a high (respectively
low) level of purchase intensity at time t is followed by a high (low) level in the consecutive
periods.
For each month, we divide the population of investors into two equally sized random
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j;t . The transaction records span over 8 years, resulting in a time-series of 96 con-
temporaneous correlations between purchases intensities. We then compute the average
correlation and employ a t-test to check whether the average correlation is signi￿cantly
di⁄erent from 0. As explained by Barber et al. (2009), the null hypothesis of no correlation
is similar to the null hypothesis of no herding in the LSV and FHW herding measures. As
in the previous analysis, it is not possible to distinguish between spurious and intentional
herding. The rejection of the null hypothesis only indicates that trading decisions are
correlated, but it does not allow us to verify whether the investors intentionally herd.
Once we show that investors engage into correlated trading, we aim to see if they
tend to herd on the same assets over time. A high persistence in the herding behavior
would indicate that herding is in￿ uenced by characteristics that do not change much over
time such as industry classi￿cation, index membership and market capitalization. On the
contrary, a low persistence might indicate that herding is dynamic and is a direct reaction
to new information, new market conditions or new trading strategies.
To measure the persistence of herding, we ￿rst compute for each month the correlation
between stock purchase intensities at time t and time t + ￿ with ￿ = 0;:::;36. For ￿ = 1,
we measure the correlation between the purchase intensities between month t and the
consecutive month. We thus obtain a time series of 95 correlations that we average to
obtain the general persistence for a horizon equal to 1. It follows that we have a time-
series of 94 correlations for ￿ = 2, ..., and a time-series of 60 correlations for ￿ = 36. We
11￿rst compute these correlations for the entire set of investors. In a second calculation,
we compute this persistence for two random groups of investors (in the fashion of the
analysis for contemporaneous correlations which is actually the particular case where ￿ =
0). That is, we compute the correlation between the purchase intensities obtained from
the transactions of group 1 at time t, and the purchases intensities obtained from the
transactions of group 2 at time t + ￿.
Table 4 presents contemporaneous and time-series correlations of the purchase inten-
sities. The ￿rst row (￿ = 0) indicates the contemporaneous correlation of purchase inten-
sities between groups 1 and 2. We observe that the average correlation is very strong (a
little over 85%), indicating that the investors￿trading decisions are highly correlated. Our
correlation is 10 points higher than the correlation found by Barber et al. (2009). This
￿nding is coherent with the fact that we also obtain slightly higher values for the LSV
measure. It follows that by knowing the purchase intensities associated with one group, we
are able to explain over 2/3 of the variations in purchase intensities of the second group.
The rest of the table presents the correlations between the purchase intensities at time t
and time t+￿ where ￿ = 1;:::;36. The persistence between two consecutive months is ex-
pressed by an average correlation of 30.27%. The average correlations are all signi￿cantly
di⁄erent from zero up to a horizon of ￿ = 15. In comparison to Barber et al. (2009), the
correlations are slightly lower (30.27% instead of 46.7% for a horizon of one month) and
the persistence fades at a faster rate (the correlation at a 6 month horizon is 9.10% in our
study compared to 16.4% in Barber et al., 2009).
124 Measuring herding at the investor level
4.1 The Investor Herding Measure (IHM)
One of the drawbacks of the LSV measure is that it is not possible to compute an investor-
speci￿c measure. Thus, we cannot determine whether only some of the investors herd and
whether some investor-speci￿c characteristics in￿ uence the herding behavior, nor can we
observe the persistence in the herding of investors. To analyze the tendency of individual
investors to herd, we ￿rst need to discriminate between buy herding (pj;t > pt) and sell
herding (pj;t < pt). Following Grinblatt et al. (1995) and Wermers (1999), we consider
the signed herding measure de￿ned by:
SLSVj;t =
(
LSVj;t j pj;t > pt




pj;t ￿ pt ￿ AFj;t
pj;t ￿ pt + AFj;t
.




(!i;j;t ￿ !i;j;t￿1)SLSVj;t (7)
where !i;j;t is the weight of asset j in the portfolio of the i￿th fund at time t.
This measure is quite appealing, but it poses the problem that an investor can be seen
as herding on an asset that he does not trade. Indeed, a transaction on one asset only
causes the weights of all of the other assets in the portfolio to change.
We propose introducing a new measure, the Investor Herding Measure (IHM), that
considers herding only for the assets that are actually traded by the investor. For a given
transaction, there are six possible scenarios represented below:
Purchase Sale
SLSV > 0 Herding Anti-Herding
SLSV < 0 Anti-Herding Herding
SLSV = 0 No Herding No Herding
13If an investor trades only one asset, her herding value will be equal to the signed LSV
measure of the asset if the transaction is a purchase (the investor increases her holdings in
this asset) and to minus the signed LSV measure otherwise. When trading several assets,
it is less obvious how to compute the individual herding value. A ￿rst approach would
be to sum the signed herding measures of every asset purchased and to subtract those of
the assets that were sold. This solution has two drawbacks. First, it does not consider
the size of the transactions. Second, this measure is not bounded (in the sense that it is
not independent with the number of assets traded by the investor). As a consequence, the
￿rst drawback is that the zero-herding assets are not taken into consideration (a situation
where an investor substantially increased her holdings on her zero-herding assets and only
slightly on a high buy-herding asset will result in a high individual herding measure). To
illustrate the second drawback, let us consider an investor who makes only one purchase
of asset 0 with a signed herding measure equal to SLSV0 > 0: As stated above, her
individual herding measure will be equal to SLSV0. Now, let us consider another investor
who purchases assets 1;:::;n with equal herding measures SLSV1;:::;SLSVn = SLSV0.
The second investor will achieve an individual herding measure of n ￿ SLSV0, that is,
n-times the herding measure of the ￿rst investor. We adopt a solution that resolves both
of these problems: the herding value of an asset is weighted by the size of its transaction
and the sum of the weighted herding measure is then divided by the total sum of the




(ni;j;t ￿ ni;j;t￿1)P j;tSLSVjt
J P
j=1
jni;j;t ￿ ni;j;t￿1jP j;t
, (8)
where ni;j;t is the number (adjusted for corporate actions) of the shares of asset j held
by investor i at time t, and P j;t is the average price of asset j over the period [t ￿ 1;t].
It follows that (ni;j;t ￿ ni;j;t￿1)P j;t is the average value of the asset j transaction and the
denominator in the formula is the total value of all of the transactions4 made by investor
i in the considered period.
In this way, we account for the herding coe¢ cient of assets only for those that are traded
during the quarter, and we weight them by the size (euros-volume) of the transactions.
4We only observe the number of shares at time t and t￿1 but not the sequence of transactions during
the period under study. Hence, we chose to use the average price to evaluate the value by which the
investor increased or decreased her holdings.
14The IHM measure indicates that investor i is herding if it takes a positive value and that
he is going against the herd if the value is negative.
A ￿rst con￿rmation of the validity of this measure is to separate the population of
investors into two equally sized subgroups: low and high IHM investors. We then compute
the standard LSV measure for both subgroups. We observe in Figure 2 that the di⁄erence
between the two subgroups is quite important and highly signi￿cant5, which appears to
support the validity of our measure to evaluate herding at the individual level.
Figure 2: LSV measure for high IHM investors and low IHM investors





















4.2 General results and persistence
We ￿rst provide a brief overview of the computed IHM values. Figure 3 gives the dis-
tribution of the IHM at three time points (￿rst quarter of 2000, 2003 and 2006). Not
5Signi￿cance tests were done using Monte-Carlo simulations. The results are not reported here.
15surprisingly, we observe that most individuals have a positive IHM value. The average
IHM value is equal to 0.1003 for the ￿rst quarter of 2000, 0.1078 for the ￿rst quarter
of 2003 and 0.0770 for the ￿rst quarter of 2006. The medians are, respectively, 0.0954,
0.0887 and 0.0675. In the ￿rst part of the article, we showed that the LSV and FHW val-
ues were much higher in the beginning of the sample period. The computed IHM values
are coherent with these initial results.
Figure 3: Empirical cumulative distribution of IHM

























































Using the same methodology as that employed to measure the persistence at the asset
level, we check whether there is signi￿cant autocorrelation in the investor herding behavior.
That is, we verify if a high herding (anti-herding) behavior at a quarter t is followed by high
herding (anti-herding) in the subsequent quarters. The presence of a strong autocorrelation
would tend to indicate that some investors are more prone to herd, regardless of the time-
period considered. The results in Table 5 give an average correlation of 12.43% between
the IHM values of two consecutive quarters. The correlations appear to be signi￿cant for
a horizon up to four years with a minimum of 4.74%. It follows that the herding behavior
16shows some signs of persistence. However, this persistence is relatively weak and these
results call for a deeper investigation of the components of the individual herding behavior.
4.3 Performance, investor attributes and the Investor Herding
Measure
4.3.1 The relationship between sophistication and herding
In this section, we focus on whether the investor￿ s pro￿le determines part of the observed
herding behavior. The baseline assumption is that some investors might be more prone to
herd than others (regardless of the market conditions or other time-varying variables). We
test di⁄erent characteristics such as gender, sophistication and the wealthiness of individ-
uals. The gender di⁄erences in investment behavior are well-documented. For instance,
Barber and Odean (2001) investigate overcon￿dence by using a ￿gender approach￿and
show that men are more overcon￿dent than women, leading them to trade 45% more than
women. This behavior consequently hurts portfolio performance and reduces net returns.
It follows that it is a natural choice to test whether the herding intensity di⁄ers between
women and men. Our second hypothesis is that more sophisticated investors herd less on
average. A number of researchers have documented the role played by sophistication on
trading behavior. For instance, the individual di⁄erences in the disposition e⁄ect - which
describes the tendency of investors to more readily sell winning stocks than losers - are
signi￿cantly related to ￿nancial sophistication (Feng and Seasholes, 2005; Dhar and Zhu,
2006). Because sophisticated investors have a better ability to obtain and manage infor-
mation (or, at least, they have the impression that they do), the need to rely on others￿
information is less pronounced.
In this paper, sophistication is proxied by three variables. The ￿rst proxy is the
investor￿ s total number of transactions made over the sample period. The second proxy
is a dummy variable that is equal to one if the investor is trading warrants in addition
to common stocks and zero otherwise. Compared to ￿traditional￿instruments, trading
warrants requires familiarity with option-like payo⁄s. The third proxy is the investor
average portfolio value. It accounts for the wealth of the individuals. Of course, this
proxy is imperfect and only partially re￿ ects the real wealth (or the individual income)
of the investor. These three measures are valid under the assumption that the investors￿
attributes are relatively stable over time. From a methodological point of view, the fact
that we use data from t+￿ to discriminate investors at time t can appear startling or even
17wrong. However, under the assumption that characteristics do not change radically over
the sample period, these measures provide us with proxies that do not vary over time and
that carry little noise. A change of behavior (for exogenous reasons) in one unique quarter
has a negligible impact on the measures that we use to capture the investors￿pro￿les.
The results are presented in Table 6. We ￿rst report the average IHM values for male
and female investors. The warrant characteristic discriminates investors between those
that trade warrants and those that do not. For the third attribute, we distinguish between
investors who execute fewer than 100 trades and those who trade over 200 times. For the
average portfolio value, the ￿rst subgroup contains investors with an average portfolio
value below 5000 e. The second subgroup is formed by the investors whose value is above
100,000 e.
Because we do not know the theoretical distribution of the di⁄erence between two
average IHM values, we use Monte-Carlo simulations to estimate the empirical distribution.
The methodology that we apply to compute the p-values associated with the test of no
di⁄erence between two average IHM values is the following. For a given attribute and a
given quarter, we compute the average IHM of the two subgroups that we denote as IHM1
and IHM2. IHM1 (respectively, IHM2) is the average of the n1 (n2) IHM values of the
investors that belong to the ￿rst (second) subgroup. To estimate the empirical distribution
of the di⁄erence, we randomly divide the population of investors into two subgroups of
size n1 and n2. We compute the average IHM for each subgroup and calculate the absolute
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where IHM1 (IHM2) is the average IHM value of the investors that belong to the ￿rst




2;k) is the average IHM value associated with the
￿rst subgroup of n1 (n2) investors obtained by randomly dividing the sample for draw k.
The quarterly results are provided in Table 6. It appears that, on average, women
herd more than men. The average IHM value for men is 0.1051 compared to a value of
0.1094 for women. However, the reported p-values indicate that, for most quarters, the
di⁄erence is not signi￿cant. The results for sophistication reveal that the investors who
trade warrants have, on average, a lower herding intensity than the investors who do not.
The individuals with a low number of transactions tend to herd more than the investors
18who trade frequently. For both sophistication attributes, the di⁄erences are highly signif-
icant. In particular, when considering the number of transactions, we observe a very high
magnitude (up to 8 points) di⁄erence between the two subgroups￿average IHM values.
The average IHM value for the subgroup associated with a low number of transactions is
0.1150, whereas the value for the subgroup associated with a high number of transactions
is only 0.0870. Finally, we observe di⁄erences between the two subgroups when discrimi-
nating by the portfolio￿ s average value. Although these di⁄erences are signi￿cant for most
quarters, their sign varies over the di⁄erent quarters and prevents us from drawing any
clear conclusion.
4.3.2 Relationship between past performance and herding
To go deeper in our analysis, we evaluate the in￿ uence of the investors￿past performance
on herding. We use the investors￿quarterly gross returns, computed from their daily
positions. The portfolio returns are estimated using total returns (i.e., dividends are
included) calculated using Euro￿dai and Bloomberg data. We deliberately ignore the
intraday movements and assume that the transactions are evaluated using day closing












where nt is the number of days in quarter t; Ni￿ is the number of stocks composing the
portfolio of investor i for day ￿ of quarter t; !j;￿ is the weight of stock j and rj;￿ is its
daily return.
In our ￿rst analysis, we compute the Spearman rank correlation between investor￿ s IHM
and the four moments of the investors￿portfolio past returns for each quarter. The results
in Table 7 indicate that there exists a strong rank correlation between the past average
returns and the investors￿herding (all but four coe¢ cients are signi￿cant at a 1% level).
However, the sign of these coe¢ cients varies over time without any clear pattern. The
coe¢ cients for the Spearman correlation between the IHM and the portfolio￿ s standard
deviation are all signi￿cant and negative. This result means that the less risky investors
are those that herd the most. The results for skewness6 are less clear because only 20=28
6Mitton and Vorkink (2007) show that individual investors have a heterogeneous preference for skew-
ness. This heterogeneity helps explain why individual investors are underdiversi￿ed.
19of the coe¢ cients are signi￿cant at a 1% level and the sign changes over time.
So far, we are not able to determine precisely how an investor￿ s own past performance
in￿ uences her herding behavior. However, it appears clear that a relationship exists. We
now wish to exploit both the cross-section and the time dimensions of our database. For
each quarter, we compute the investors￿IHM value, past performance, level of diversi￿-
cation, and portfolio value. We then have unbalanced panel data7. We aim to test the
in￿ uence of past performances that vary across individuals and over time. We thus run a
panel data regression. The results of the Hausman test lead us to reject the null hypothesis
of random e⁄ects. We therefore choose to include both the investor and the time ￿xed
e⁄ects. We estimate the past performances by using the risk-adjusted past return, that
is, the return of the portfolio divided by its standard deviation. The formulation of the
regression is the following:




+￿EXPi;t + ￿1IFEi + ￿2TFEt + "i;t, (11)
where IHMi;t is the herding value of investor i in quarter t, RARi;t￿￿ is the performance
of investor i in the quarter t ￿ ￿ and EXPi;t is the investor experience, proxied by the
cumulative number of trades made up to quarter t by investor i. IFEi are the individual
￿xed e⁄ects and TFEt are the time ￿xed e⁄ects.
We do not add any lag for the experience EXP because the individual investors in
our sample do not trade frequently and thus the experience is not expected to change
signi￿cantly from one quarter to another. By incorporating several lags, we would include
multicollinearity in the regression. Additionally, we include two lags for IHM because
more lags would too dramatically reduce the size of our sample. Thus, we consider the
observations that correspond only to investors trading 3 quarters consecutively. The results
are presented in Table 8 (IFE and TFE not reported). The lags of the herding measure
appear to be signi￿cant and negatively correlated with the herding measure. The estimates
of the coe¢ cients are -0.0614 for lag 1 and -0.0312 for lag 2. The coe¢ cients for the
performance over the preceding quarter and the quarter before that take the negative values
-0.0165 and -0.0208 and are signi￿cant. This result con￿rms our hypothesis that poor
past performance creates incentives to herd. Additionally, we note that the variable EXP
7The panel is unbalanced because investors are excluded from the quarters where they do not trade.
20is signi￿cant and negative. This ￿nding indicates that, as investors acquire experience
on the stock market (and therefore knowledge), they tend to rely more on their private
information.
In models 2 to 4, we condition the performance RAR to the realization of a sophisti-
cation variable. The new variable is equal to the risk-adjusted return if the characteristic
is realized and 0 otherwise. The sophistication characteristics are the same as those used
in the previous section. We ￿nd that trading warrants has an impact on the coe¢ cient of
the performance variable. Indeed, the coe¢ cient for RARt￿1 is not signi￿cantly di⁄erent
from 0 for the investors that trade warrants, while it is negative and highly signi￿cant for
the others. When considering the second lag (t ￿ 2), both coe¢ cients are negative and
signi￿cant, but the e⁄ect is lower for the sophisticated investors. In Model 3, we use the
total number of transactions as the sophistication variable. For the ￿rst lag, the perfor-
mance is signi￿cant and negative for investors with fewer than 200 trades while it is not
signi￿cant for the investors associated with a high number of transactions. For the second
lag, although the coe¢ cient is signi￿cant and negative for the active investors (over 200
transactions), it is much lower than the coe¢ cients for the investors that do not trade
frequently. In Model 4, the sophistication is proxied by the Average Portfolio Value. The
results are consistent with Models 3 and 4. We observe that the e⁄ect of past performance
is weaker for sophisticated investors (i.e., investors with a high Average Portfolio Value).
4.4 Payo⁄ externalities
A question that was not yet addressed in the literature is whether there are payo⁄s exter-
nalities associated with the herding behavior. In other words, we want to check whether
there is a rational motivation for this behavior that can be expressed in terms of increased
performance. At an aggregate level, some concerns are that herding could increase volatil-
ity and destabilize markets (Bikhchandani and Sharma, 2001). However, the literature is
nearly non-existent on the consequences of herding on the investors￿performance. A sim-
ple reason for this dearth of information is the lack of herding measures at the individual
level. We remedied this problem by introducing the Individual Herding Measure (IHM)
in the previous section.
A preliminary analysis consists in computing the Spearman correlation between the
IHM values and the investors￿average return, standard deviation, skewness and kurtosis
for each quarter. The results in Table 9 appear to indicate that a relationship exists
21between herding and returns. The correlation between the IHM and the average return
is signi￿cant for nearly all quarters. However, the sign does not remain the same for
every quarter. We thus cannot yet determine the relationship between the two variables.
The results for the standard deviation are easier to interpret. All of the coe¢ cients are
negative and signi￿cant at a 1% level indicating that herders hold less risky portfolios. The
interpretation of the coe¢ cients for skewness and kurtosis is not straightforward because
they change signs and are not all signi￿cant.
To extend our analysis on the in￿ uence of herding on performance, we build four
average investors for whom we compute performance measures. First, we consider an









where It is the number of investors for quarter t.
We then form, for each quarter, an average investor for each herding category, whom
we designate as an anti-herder, an independent trader and a herder. These three average
investors correspond, respectively, to investors trading against the crowd (determined by
an IHM value below ￿0:05), investors trading independently of others (de￿ned by ￿0:05 ￿
IHM ￿ 0:05) and investors engaging in a herding behavior (IHM > 0:05)8. The anti-
herder quarterly return RAH










where It is the number of investors who trade at least once during quarter t and IAH
t is
the number of investors with IHM values below ￿0:05.
The independent trader return RIT










8The limit of 0.05 is arbitrary determined. However, our results do not change if we impose di⁄erent
bounds (in the neighborhood).
22where IIT
t is the number of investors with IHM values between ￿0:05 and 0:05.












t is the number of investors with IHM values above 0:05.
We follow the approach of Barber and Odean (2000) when choosing the performance
measures. First, we compute the own-benchmark abnormal return. For a given quarter,
this return is simply the return that would have been obtained by the beginning-of-quarter
portfolio if no transactions had been made. For each quarter and each individual, the ab-
normal return is thus computed as the di⁄erence between the realized return (computed
from daily returns) and the own-benchmark return. Our second benchmark is the quar-
terly market-adjusted return. This return is simply the di⁄erence between the investors￿
realized return and the market return. Our third benchmark is the intercept obtained from
Carhart￿ s (1997) four-factor model. The intercept is obtained by estimating the following
time-series regression:
Ri;t ￿ Rf;t = ￿ + ￿ (Rm;t ￿ Rf;t) + ￿SMBt + ￿HMLt + ￿MOMt + "i;t,
where Rf;t is the EURIBOR 3-month rate, Rm;t is the quarterly return on the French CAC
All-Tradable index9, SMBt and HMLt are the two additional Fama-French (1993) factors,
respectively the quarterly return on a zero-investment size portfolio and the quarterly
return on a zero-investment book-to-market portfolio. The last coe¢ cient MOMt is the
momentum factor (Jegadeesh and Titman, 1993), which is the quarterly return on a zero-
investment momentum portfolio10.
The results for the four average investors (the investor representative of the whole
population, the anti-herder, the independent trader and the herder) are presented in Table
10. We obtain a negative and signi￿cant (as in Barber and Odean, 2000) coe¢ cient of -
0.23% for the own-benchmark abnormal return. This result means that the investors would
earn an additional 0.23 point by keeping their portfolio unchanged. More interestingly,
we observe a clear negative relationship between the own-benchmark abnormal return and
9This index (also called SBF250) is composed of the 250 largest capitalizations on the French market.
10The index and the Carhart (1997) factors are provided by Euro￿dai (www.euro￿dai.org).
23the Individual Herding Measure (IHM). It appears that the investors who trade against
the crowd dramatically increase their performance by trading contrary to the rest of the
population. This ￿nding suggests that the trades made by anti-herders are motivated
by information. The results for the market-adjusted return and the intercept from the
Carhart (1997) four-factor model are not signi￿cant. This ￿nding is not surprising because
the under-diversi￿cation and the particularities of the individual investors make these
benchmarks un￿t. It is worth noting however, that the anti-herders and independent
traders hold much more aggressive portfolios than herders. The market betas for these
investors are, respectively, 1.3734 and 1.3859 compared to 1.2976 for herders. The tilt
toward small stocks is relatively strong for independent traders (the SMB coe¢ cient takes
the value 0.5016). Because the probability of trading with the other investors in the sample
is lower for smaller capitalizations, the investors who invest mainly in small capitalizations
tend to have an IHM value close to zero (because the LSV value of the stocks they trade
is zero).
To go one step further in our analysis, we choose another approach that evaluates
investors￿returns, conditional on their herding behavior, relative to the rest of the sample.
That is, we want to evaluate whether an investor that herds has better performance than
the rest of the investors in the sample and, more generally, if there exists a relationship of
dependence between performance and herding.
For each quarter, we build a 10 ￿ 3 contingency table where the quarterly returns are
divided into ten deciles and investors are split in three categories (anti-herders, independent
traders and herders de￿ned as before). The generic element ￿ij of the table is the number
of investors in decile i and category j. To test the null hypothesis of independence between
herding and returns, we use a ￿2 test. The advantage of this test is that nothing is assumed
about the type of relationship between the two variables (returns and IHM); in particular,
does not need to be linear. The component of the chi-square CSij for decile i and category









where ￿ij is the observed number of investors for decile i and category j and ￿￿
ij is the
theoretical number of investors that should be observed under the null hypothesis of in-
dependence.






CSij   ￿
2 ((10 ￿ 1)(3 ￿ 1)). (17)
The chi-square values for the 32 quarters from January 1999 to December 2006 range
from 59:90 to 520:64 (unreported). With a critical value of 28:87 for 18 degrees of freedom,
these results indicate the existence of a relationship between herding and returns. We then
perform the same analysis with Sharpe ratios instead of returns. We obtain chi-square
values ranging from 22:56 to 230:90: We then reject the null hypothesis of independence
between the IHM and the Sharpe ratios for nearly all quarters.
The limitation of the chi-square test is that while we are able to show that a relation-
ship exists between herding and performance, we cannot distinguish whether the herders
perform better or worse than the other investors. To make this distinction, we build, for
each quarter, a new contingency table where the generic element ￿ij corresponds to the
ratio of the observed number of investors for decile i and category j over the theoretical
number that would be observed for this decile and this category if the IHM and perfor-
mance were independent11. If the generic element ￿ij is greater than one, it means that
there are more investors for this decile and this category than should be observed if there
was independence between herding and performance.
Because we do not know the theoretical distribution of the number of investors for
a given decile and a given category, we need to estimate it. The process that is used
is similar to the one for Table 6. Each decile (category) contains di; i=1;:::;10 (cj; j=1;:::;3)
investors. For a given quarter, we randomly separate the investors in the sample into ten
categories (corresponding to the deciles) of sizes di; i=1;:::;10 and in three categories of sizes
cj; j=1;:::;3. We then compute the number of investors Iij for each decile and category. We
repeat this step 10000 times. The p-value ￿ij associated with the test of no di⁄erence









where Iij is the observed number of investors for decile i and category j, I￿
ij is the theoretical
number of investors that should be observed under the null hypothesis of independence
11The theoretical number of investors for decile i and category j is equal to the number of investors in
decile i times the number of investors in category j divided by the total number of investors.
25and Iijk corresponds to the number of investors observed at draw k (where the sample is
randomly divided).
Table 11 shows, for each decile i and category j, the average of the generic elements ￿ij
of the 32 contingency tables computed for each quarter from January 1999 to December
2006. The numbers in brackets indicate the number of quarters for which the observed
number of investors is signi￿cantly di⁄erent than the theoretical number at a 5% level
(using p-values computed with Monte-Carlo simulations as explained previously). In ad-
dition, we estimate the statistical signi￿cance of the coe¢ cients by applying a t-test on
the 32 values obtained.
We observe that the anti-herders have a higher probability of exhibiting extreme re-
turns. For the lowest (highest) return decile, this category contains 27% (15%) more
investors than it would contain under independence. On the contrary, the values taken for
deciles 4 through 8 range from 0.8866 to 0.9255. The result for the herders is the complete
opposite. We ￿nd that the herders are underrepresented in the lowest and highest deciles
while there are more investors than would be expected under independence in the inter-
mediate ones. The lowest (highest) decile contains 7% (5.5%) fewer investors than would
be observed if the herding behavior had no impact on performance.
The results for Panel B (using Sharpe ratios instead of returns) are even more striking.
For the anti-herders, the proportion of the observed number of investors on the theoretical
number is 1.1772 for the ￿rst decile, and it decreases monotonically to reach 0.9341 by
decile 9. This trend appears to indicate that the portfolios of the investors who trade
against the crowd perform poorly. The results for the herders category show that these
investors concentrates in the intermediate deciles.
To conclude, on the one hand, investors who invest against the crowd improve their
performance by trading. On the other hand, the portfolios of these same investors exhibit
lower Sharpe ratios. One possible explanation for these results is that, by trading against
the crowd, they earn a liquidity premium. However, the consequence of this behavior is
that they hold stocks that are more risky and that perform relatively poorly (hence the
lower Sharpe ratios).
265 Conclusion
Most studies focus on stock characteristics to explain the herding behavior of individual or
institutional investors. By introducing a new individual measure that allows the herding
behavior of a given investor to be evaluated through time, this article investigates whether
the herding behavior can be explained by some investor attributes. In addition, this is the
￿rst study to analyze the relationship between individual performance and herding.
Our primary ￿ndings are the following. First, by studying a unique sample of 87,373
French individual investors, we demonstrate the importance and the persistence of herding
behavior. Our results con￿rm, at an individual level, the observation made in previous
studies that herding is much more pronounced for individual investors than for institutional
ones. Second, we were able to show that sophisticated investors are less prone to herding.
Additionally, we found an interesting link between past performance and mimetic behavior.
It appears that an adverse performance decreases the incentives to gather information.
When faced with negative performance, investors (and, in particular, unsophisticated ones)
tend to herd in the next period. Finally, we provide original insights on the relationship
between herding and performance. It appears that the investors who invest against the
crowd improve their performance by reallocating their portfolio. However, we also found
that these investors exhibit more extreme results and that they have lower Sharpe ratios
than the rest of the population.
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30Table 1: Descriptive Statistics
The dataset consists of the transaction records of 87373 investors at a major European broker for the
period January 1999 to December 2006. Investors￿portfolios are sorted with respect to the number of
stocks held at three points in time (January 2000, January 2003 and January 2006). The ￿rst (second)
column gives the number of stocks in portfolio (investors). The four remaining columns indicate the mean,
the 25th percentile, the median and the 75th percentile of portfolio values in euros, conditional on the
number of stocks held.
Portfolio Value (e)
Portfolio Size Nb. of Observations Mean 25
th percentile Median 75
th percentile
Panel A: Portfolios as of January 2000
1 9109 6973 740 1640 3930
2 6797 9717 2038 3782 7755
3 5321 15479 3623 6265 12067
4 4046 19734 5366 9038 16888
5 3131 24223 7262 12184 21318
6-9 7640 41694 11263 18797 35279
10+ 7593 105255 27578 48552 91609
All 43637 34039 3179 9317 26336
Panel B: Portfolios as of January 2003
1 11421 2154 218 502 1329
2 7925 3738 700 1417 3115
3 6087 6377 1330 2532 5304
4 4793 7585 2040 3750 7561
5 3692 10275 3002 5254 10061
6-9 9256 16380 4969 8714 16297
10+ 9866 44771 13471 24499 46293
All 53040 14341 1160 4027 12572
Panel C: Portfolios as of January 2006
1 11221 4216 381 993 2487
2 7349 7878 1243 2769 6250
3 5468 11025 2456 4796 10190
4 4131 16214 3772 7104 14428
5 3344 20720 5189 9537 19292
6-9 8073 31114 8856 16137 31167
10+ 8065 83783 23769 44358 87414
All 47651 25784 1923 6831 21720
31Table 2: LSV and FHW measures
The LSV measure for stock j in period t is computed as LSVjt = jpjt ￿ ptj ￿ E[jpjt ￿ ptj], where pjt is
the purchase intensity for stock j, pt is the purchase intensity across all stocks, and E[jpjt ￿ ptj] is an
adjustment factor. With the same notations, the FHW measure for stock j is computed as, FHWjt =
((pjt ￿ pt)2 ￿ E[(pjt ￿ pt)2])
Ijt
(Ijt￿1) where Ijt is the number of active traders and E[(pjt ￿ pt)2] is an
adjustment factor. We consider a minimum number of 10 active traders per stock. Stocks with less
than 10 active traders in period t are excluded from the analysis for this period. Average semiannually,
quarterly and monthly LSV and FHW measures are calculated for all stocks over the period 1999-2006.
The LSV and FHW measures are calculated for 3 levels of stock capitalization (￿Market capitalization￿ ).
Large (small) capitalizations correspond to the 30 % top (bottom) capitalizations. The medium category
contains the remaining observations. The LSV and FHW measures are computed for 3 levels of trading
volume in euros (￿Volume of trading￿ ). High trading volume (low trading volume) corresponds to the
30 % top (bottom) volume. The medium category contains the remaining observations. The herding
measures of the di⁄erent industries (￿Industry￿ ) are the average herding measures of stocks that belong
to the industry (using the Industry Classi￿cation Benchmark, ICB). Results are expressed in percentages
Semiannualy Quaterly Monthly
LSV FHW LSV FHW LSV FHW
All stocks 13.90 22.93 13.10 22.00 12.63 21.70
Market capitalization
Large capitalization 14.79 22.10 13.97 21.16 13.86 21.28
Medium capitalization 12.42 21.00 11.88 20.48 11.44 20.32
Small capitalization 12.54 22.54 12.09 21.97 12.04 22.16
Volume of trading
High volume of trading 14.58 21.13 13.68 20.13 13.35 20.16
Medium volume of trading 11.98 20.49 11.56 20.18 11.09 19.90
Low volume of trading 13.29 23.94 12.75 23.16 12.88 23.50
Industry
Oil & Gas 12.87 20.20 12.77 19.33 12.74 19.75
Basic Materials 14.20 23.33 13.36 22.17 13.67 22.71
Industrials 13.84 23.04 12.81 21.88 12.42 21.47
Consumer Goods 13.78 22.78 13.10 22.15 12.96 22.08
Health Care 13.14 21.93 11.89 20.63 11.86 20.84
Consumer Services 13.79 22.43 13.42 21.96 12.84 21.48
Telecommunications 18.24 27.67 16.33 24.83 14.51 22.50
Utilities 15.68 22.82 14.28 20.49 12.70 18.67
Financials 15.26 24.54 14.17 23.14 13.40 22.54











































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































33Table 4: Mean contemporaneous and time-series correlation of percentage buys by indi-
vidual investors
Results are based on trades data from a large European broker house for the period January 1999 to
December 2006. For each stock in each month, we compute the proportion of all trades that are pur-
chases. The second column of the table represents the correlations between percentage buys at month t
and month t+￿ where ￿ = 1;:::;36. The third column gives the correlation between the percentage buys
by group 1 at time t with the percentages buys by group 2 at time t+￿. The ￿rst element of this column
is the mean contemporaneous correlation across groups. T-statistics are based on the mean and standard
deviation of the calculated correlations. Results are expressed in percentages.
Horizon (￿)
Correlation of % buys in month t with %
buys in months t+L
t-Statistics
Whole set of investors Group 1 with group 2 Whole set of investors Group 1 with group 2
0 100.00 85.09 n.a. 2330.93***
1 30.27 31.59 22.64*** 215.61***
2 19.51 19.82 16.31*** 148.91***
3 15.11 14.49 13.74*** 118.87***
4 10.95 10.88 10.52*** 89.85***
5 11.22 11.14 10.77*** 90.53***
6 9.10 8.21 8.94*** 71.03***
7 6.48 5.88 6.61*** 53.10***
8 6.09 6.52 6.98*** 64.20***
9 3.96 3.39 4.00*** 29.47***
10 2.74 2.52 2.76*** 22.32***
11 3.66 3.55 3.47*** 29.91***
12 5.44 5.49 4.97*** 43.35***
13 2.96 1.83 2.79*** 15.80***
14 1.85 1.66 1.96* 14.88***
15 2.56 0.58 2.60** 5.13***
16 1.29 0.19 1.21 1.58
17 1.95 0.56 1.76* 4.32***
18 2.12 1.97 1.88* 14.95***
19 2.17 2.07 2.47** 18.32***
20 1.42 2.68 1.25 19.69***
21 0.43 ￿0.45 0.38 ￿3.37***
22 1.62 1.72 1.40 13.42***
23 2.68 3.24 2.73*** 26.06***
24 3.18 2.86 3.07*** 21.89***
25 1.34 1.45 1.33 11.37***
26 1.02 ￿1.14 1.02 ￿9.09***
27 ￿0.72 ￿1.31 ￿0.72 ￿9.58***
28 ￿2.12 ￿2.55 ￿1.76* ￿16.88***
29 ￿3.31 ￿3.68 ￿2.95*** ￿28.01***
30 ￿1.50 ￿1.15 ￿1.40 ￿8.56***
31 ￿0.18 ￿0.45 ￿0.17 ￿3.18***
32 0.25 ￿0.97 0.22 ￿6.66***
33 ￿0.49 ￿1.11 ￿0.44 ￿8.29***
34 ￿1.84 ￿1.56 ￿1.92* ￿12.64***
35 ￿0.67 0.51 ￿0.57 3.40***
36 ￿0.19 0.41 ￿0.17 2.99***
34Table 5: Mean contemporaneous and time-series correlation of individual investors herding
measure
Results are based on IHM values computed from trades data from a large European broker for the period
January 1999 to December 2006. The second column of the table represents the correlation between IHM
values at quarter t and quarter t + ￿ where ￿=0,...,16. T-statistics are based on the mean and standard
deviation of the calculated correlations.
Horizon (￿)
Correlation of % buys in month t with % buys in
months t + ￿
t-Statistics




















































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































36Table 7: Quarterly returns are based on investors daily portfolios from January 1999 to December 2006.
This table presents the coe¢ cients of the Spearman correlation between investors￿IHM and, respectively,
the previous quarter portfolios￿average return, standard deviation, skewness and kurtosis. *** corresponds
to a p-value of 0:01, ** to a p-value of 0:05 and * to a p-value of 0:1.
Spearman correlation with IHM
Average Return Standard Deviation Skewness Kurtosis
2000
Q1 ￿0.1388*** ￿0.0896*** 0.0235*** ￿0.0197***
Q2 ￿0.1138*** ￿0.2387*** 0.1085*** 0.0054
Q3 0.0582*** ￿0.1320*** ￿0.0049 ￿0.0331***
Q4 0.0203*** ￿0.1458*** ￿0.0265*** 0.0187***
2001
Q1 0.1269*** ￿0.1659*** ￿0.0265*** 0.0015
Q2 0.1231*** ￿0.1447*** ￿0.0293*** 0.0232***
Q3 ￿0.0288*** ￿0.0615*** ￿0.0261*** ￿0.0119*
Q4 0.0657*** ￿0.1061*** ￿0.0352*** 0.0826***
2002
Q1 0.0040 ￿0.0996*** 0.0067 ￿0.0785***
Q2 ￿0.0108* ￿0.0552*** 0.0327*** 0.0094
Q3 0.0281*** ￿0.0882*** ￿0.0188*** ￿0.0378***
Q4 0.0649*** ￿0.1033*** ￿0.0051 ￿0.0518***
2003
Q1 ￿0.0087 ￿0.1450*** ￿0.0252*** ￿0.0654***
Q2 0.1011*** ￿0.2723*** 0.0139** ￿0.0386***
Q3 ￿0.1097*** ￿0.1938*** ￿0.1117*** 0.0178**
Q4 0.0361*** ￿0.0884*** 0.0141** 0.0130*
2004
Q1 0.0256*** ￿0.1425*** 0.0129* 0.0122*
Q2 ￿0.0293*** ￿0.0851*** 0.0150** ￿0.0241***
Q3 0.0621*** ￿0.1209*** ￿0.1453*** 0.0131*
Q4 0.0446*** ￿0.0938*** ￿0.0513*** ￿0.0033
2005
Q1 ￿0.0342*** ￿0.0686*** ￿0.0321*** ￿0.0253***
Q2 0.0206*** ￿0.1005*** 0.0556*** 0.0301***
Q3 ￿0.0928*** ￿0.1228*** ￿0.0327*** ￿0.0080
Q4 ￿0.0739*** ￿0.0756*** ￿0.0393*** ￿0.0231***
2006
Q1 ￿0.0027 ￿0.1170*** ￿0.0340*** 0.0112*
Q2 ￿0.0873*** ￿0.1333*** ￿0.0263*** ￿0.0260***
Q3 0.0990*** ￿0.1624*** ￿0.0543*** ￿0.0847***
Q4 0.0799*** ￿0.0923*** 0.0028 ￿0.0460***
37Table 8: This table presents the results of the panel regression estimated by IHMi;t = ￿0IHMi;t￿1 + ￿1IHMi;t￿2 +
P2
￿=1￿￿RARi;t￿￿ +￿EXPi;t +￿1IFEi +￿2TFEt +"i;t. The independent variable is the Investor Herding Measure (IHM)
for quarter t. We include two lagged values of IHM (quarters t￿1 and t￿2) in order to account for autocorrelation. RARt
is the investor￿ s portfolio Risk Adjusted Return for quarter t, de￿ned as the ratio of the average return on the standard
deviation. WRT is a dummy variable that takes the value 1 if the investor trades warrants at any moment during the
sample period and 0 else. NT is the investor￿ s total number of transactions and APV is the investor￿ s average portfolio
value. Experiencet represents the number of transactions accomplished by the investor up to quarter t. Models 1 to 4
incorporate individual- and time-￿xed e⁄ects. Returns are windsorised at the 1st and 99th percentiles. Coe¢ cients are
standardized.
Model 1 Model 2 Model 3 Model 4
Explanatory Variable Coe¢ cients Coe¢ cients Coe¢ cients Coe¢ cients
(IHM)t￿1 ￿0.0614*** ￿0.0614*** ￿0.0617*** ￿0.0614***
(-33.2600) (-33.2800) (-33.4100) (-33.2800)
(IHM)t￿2 ￿0.0312*** ￿0.0311*** ￿0.0310*** ￿0.0312***





(RAR)t￿1j(WRT = 1) 0.0020
(0.5300)
(RAR)t￿1j(WRT = 0) ￿0.0239***
(-8.4600)
(RAR)t￿2j(WRT = 1) ￿0.0150***
(-4.0200)
(RAR)t￿2j(WRT = 0) ￿0.0234***
(-8.3700)
(RAR)t￿1j(NT < 100) ￿0.0363***
(-10.2100)
(RAR)t￿1j(100 ￿ NT ￿ 200) ￿0.0247***
(-6.1500)
(RAR)t￿1j(NT > 200) 0.0016
(0.5000)
(RAR)t￿2j(NT < 100) ￿0.0356***
(-10.1400)
(RAR)t￿2j(100 ￿ NT ￿ 200) ￿0.0231***
(-5.8300)
(RAR)t￿2j(NT > 200) ￿0.0099***
(-3.0900)
(RAR)t￿1j(APV < 5000) ￿0.0144***
(-2.6200)
(RAR)t￿1j(5000 ￿ APV ￿ 100000) ￿0.0192***
(-6.9200)
(RAR)t￿1j(APV > 100000) ￿0.0004
(-0.0800)
(RAR)t￿2j(APV < 5000) ￿0.0243***
(-4.5300)
(RAR)t￿2j(5000 ￿ APV ￿ 100000) ￿0.0215***
(-7.8300)
(RAR)t￿2j(APV > 100000) ￿0.0123**
(-2.2400)
(Experience)t ￿0.0187*** ￿0.0189*** ￿0.0190*** ￿0.0190***
(-5.7200) (-5.7600) (-5.7900) (-5.8100)
Number of Observations 332154 332154 332154 332154
R-squared 0.2466 0.2467 0.2469 0.2466
38Table 9: Quarterly returns are based on investors daily portfolios from January 1999 to December 2006.
This table presents the coe¢ cients of the Spearman correlation between investors￿IHM and, respectively,
the portfolios￿contemporary average return, standard deviation, skewness and kurtosis. *** corresponds
to a p-value of 0:01, ** to a p-value of 0:05 and * to a p-value of 0:1.
Spearman correlation with IHM
Average Return Standard Deviation Skewness Kurtosis
1999
Q1 0.0426*** ￿0.0228*** ￿0.0041 ￿0.0136*
Q2 0.0338*** 0.0574*** 0.0043 ￿0.0040
Q3 ￿0.0026 0.0555*** 0.0330*** ￿0.1112***
Q4 0.0399*** 0.0211*** 0.0045 ￿0.0262***
2000
Q1 ￿0.0910*** ￿0.0628*** 0.0388*** 0.0324***
Q2 0.1421*** ￿0.1835*** ￿0.0574*** ￿0.1102***
Q3 ￿0.0298*** ￿0.0979*** 0.0441*** 0.0691***
Q4 0.1007*** ￿0.1111*** ￿0.0289*** 0.0089
2001
Q1 0.0411*** ￿0.1038*** ￿0.0028 ￿0.0677***
Q2 ￿0.0444*** ￿0.1142*** ￿0.0722*** ￿0.0827***
Q3 0.0105* ￿0.0595*** ￿0.0322*** 0.0270***
Q4 ￿0.0961*** ￿0.1089*** ￿0.0212*** ￿0.0153**
2002
Q1 0.0322*** ￿0.0831*** ￿0.0648*** ￿0.1073***
Q2 ￿0.0164*** ￿0.0160** ￿0.0189*** ￿0.0020
Q3 0.0647*** ￿0.1072*** 0.0216*** ￿0.0435***
Q4 ￿0.0468*** ￿0.0680*** ￿0.0112* ￿0.0196***
2003
Q1 ￿0.0481*** ￿0.1023*** ￿0.0419*** ￿0.0521***
Q2 ￿0.1517*** ￿0.2037*** ￿0.0892*** ￿0.0190***
Q3 ￿0.0069 ￿0.1688*** 0.0237*** ￿0.0365***
Q4 0.0219*** ￿0.0811*** ￿0.0014 0.0088
2004
Q1 0.0139** ￿0.0907*** ￿0.0649*** 0.0387***
Q2 0.0669*** ￿0.0654*** ￿0.0110 0.0121*
Q3 0.1045*** ￿0.1522*** 0.0001 ￿0.0386***
Q4 ￿0.0333*** ￿0.1009*** ￿0.0192*** ￿0.0796***
2005
Q1 0.0063 ￿0.0537*** ￿0.0113 0.0168**
Q2 ￿0.0496*** ￿0.1310*** 0.0074 ￿0.0441***
Q3 ￿0.1339*** ￿0.1474*** 0.0051 0.0365***
Q4 0.0395*** ￿0.1161*** 0.0223*** ￿0.0337***
2006
Q1 ￿0.0231*** ￿0.0921*** 0.0067 ￿0.0129*
Q2 0.0605*** ￿0.1272*** ￿0.0279*** ￿0.0334***
Q3 0.0814*** ￿0.1153*** ￿0.0180** ￿0.0656***
Q4 0.0016 ￿0.0840*** 0.0088 ￿0.0422***
39Table 10: Quarterly returns are based on investors daily portfolios from January 1999 to December 2006. Panel A
corresponds to the average investor representative of the whole population. Panel B corresponds to anti-herders (IHM <
￿0:05), Panel C to independent traders (￿0:05 ￿ IHM ￿ 0:05) and Panel D to herders (IHM > 0:05). Own-benchmark
abnormal return is the result of the di⁄erence between the realized return and the one of the beginning-of-quarter portfolio.
Market-adjusted return corresponds to the investor￿ s realized return minus the return of the market (SBF 250) on the
same period. P-values are computed using the t-statistics based on the 32 observations of the time-series. Carhart four-
factor is regression of the individual investor excess return (using EURIBOR 3-month rate) on the market excess return
Rmt ￿ Rft, a zero-investment size portfolio (SMBt), a zero-investment book-to-market portfolio (HMBt) and a zero-
investment momentum portfolio (MOMt). Quaterly returns are windsorised at the 1st and 99th percentiles. *** corresponds
to a p-value of 0:01, ** to a p-value of 0:05 and * to a p-value of 0:1.
Excess Return Rmt ￿ Rft HMLt SMBt MOMt Adjusted R
2
Panel A: Average investor




Carhart four-factor 0.0004 1.3274*** ￿0.0678 0.4287* ￿0.1780 0.9144
(0.0400) (10.6648) (-0.3915) (1.9444) (-1.4301)
Panel B: Average anti-herder (IHM < ￿0:05)




Carhart four-factor ￿0.0026 1.3734*** ￿0.0383 0.4099 ￿0.1670 0.9030
(-0.2217) (10.0789) (-0.2020) (1.6982) (-1.2251)
Panel C: Average independent trader (￿0:05 ￿ IHM ￿ 0:05)




Carhart four-factor ￿0.0008 1.3859*** ￿0.0912 0.5016* ￿0.1423 0.8907
(-0.0657) (9.6000) (-0.4545) (1.9616) (-0.9858)
Panel D: Average herder (IHM > 0:05)




Carhart four-factor 0.0008 1.2976*** ￿0.0574 0.3927* ￿0.1831 0.9239
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